The most frequently employed measure for performance characterization of local feature detectors is repeatability, but it has been observed that this does not necessarily mirror actual performance. In this letter, improved repeatability formulations are presented which correlate much better with the true performance of feature detectors. Comparative results for several state-of-the-art feature detectors are presented using these measures; it is found that Hessian-based detectors are generally superior at identifying features when images are subject to various geometric and photometric transformations.
points. An interest point is considered "repeated" if its 2-D projection in the other image using planar homography lies within a neighborhood of size ε of an interest point detected in the other image.
Since these feature detectors identify interest points at different scales, measuring the 2-D distance between interest points detected at different scales, to decide whether they are repeatable or not, may lead to inaccurate results. A more refined definition of repeatability is presented in [4] , which also considers the overlap of scale-dependent regions centered in the interest points. In this letter, we highlight the limitations of this definition of repeatability and propose alternatives that provide results which indicate the effect of various transformations reliably and are more consistent with the actual performance of detectors. Here, actual performance means the true matches which are obtained using ground-truth homography after descriptor based matching of detected points. Finally, a comparative analysis of interest point detectors using the various formulations is presented.
Limitations of Repeatability:
Repeatability is conventionally defined as in [4]:
(1) Despite being popular, it has been remarked that "repeatability does not guarantee high performance" [1] . Some limitations of repeatability as defined in [4] are:
I. The repeatability rate partially reflects the effect of various geometric and photometric transformations as it considers the minimum number of interest points detected in either of the two images.
II. It is not always possible to predict the effect of a specific transformation on the number of corresponding points from the value of repeatability.
III. The reference image is not fixed when evaluating the performance of a detector for a specific dataset.
IV. Repeatability does not always reflect the effect of transformation on the number of true matched points, i.e. the true performance.
To overcome the above-mentioned shortcomings, we present two alternative definitions of repeatability that are more consistent with the actual performance of feature detectors. Both use the same scale-dependent regions as [4] . The first of these is appropriate for applications that involve image sequences, while the second is more suited to applications involving pairs of images (e.g., computational stereo).
Criterion 1: Unlike the definition in [4], the sequence of images is not ignored when determining the effect of various photometric and geometric transformations; the first image in the sequence is considered as the "reference" in all cases. We also take into account only those interest points that lie in the common part of the two images and define an interest point as "repeatable" if ε < 1.5 pixels and the overlap error between scale-dependent regions centered in the two interest points, defined as: (2) is less than 40%, as in [4] , where µ a and µ b are the regions defined by x T µx = 1 and A is the homography between the two images. The numerator of the fractional part in (2) represents the intersection whereas the denominator represents the union of these regions. However, as opposed to [4] , which uses the minimum of the number of interest points detected in the two images, we define the repeatability rate as:
where N rep is the total number of repeated points and N ref is the total number of interest points in the common part of reference image.
Criterion 2: This criterion follows the same framework as described above but employs a symmetric approach for the computation of repeatability rate: Results: Repeatability values were computed for the widely-used Oxford datasets [5] using the original definition of repeatability and the two criteria defined above.
Results were obtained for six state-of-the-art feature detectors, namely SIFT, SURF, Harris-Laplace, Hessian-Laplace, Harris-Affine and Hessian-Affine, using their original implementations with default parameters [2, 4, [6] [7] . For all detectors, the number of true matches was also calculated for every image pair using ground-truth homography after descriptor based matching of detected points. As an example, the repeatability values and the numbers of true matches obtained for the Bark dataset Table 1 ; note that a p-value gives the probability that the corresponding correlation value is incorrect. These results demonstrate the high reliability of repeatability values obtained using the proposed definitions. For all combinations of the six state-of-the-art feature detectors and eight datasets [5] , the mean value of the correlation coefficient is: 0.844 with standard deviation 0.287 for the original criterion, 0.970 ± 0.046 for criterion 1, and 0.968 ± 0.033 for criterion 2.
Finally, a comparative analysis of six state-of-the-art detectors was carried out using the repeatability criteria defined above. Fig. 2 
